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Abstract: The accurate knowledge of the groundwater storage variation (∆GWS) is essential for
reliable water resource assessment, particularly in arid and semi-arid environments (e.g., Australia,
the North China Plain (NCP)) where water storage is significantly affected by human activities and
spatiotemporal climate variations. The large-scale ∆GWS can be simulated from a land surface
model (LSM), but the high model uncertainty is a major drawback that reduces the reliability of
the estimates. The evaluation of the model estimate is then very important to assess its accuracy.
To improve the model performance, the terrestrial water storage variation derived from the Gravity
Recovery And Climate Experiment (GRACE) satellite mission is commonly assimilated into LSMs
to enhance the accuracy of the ∆GWS estimate. This study assimilates GRACE data into the
PCRaster Global Water Balance (PCR-GLOBWB) model. The GRACE data assimilation (DA) is
developed based on the three-dimensional ensemble Kalman smoother (EnKS 3D), which considers
the statistical correlation of all extents (spatial, temporal, vertical) in the DA process. The ∆GWS
estimates from GRACE DA and four LSM simulations (PCR-GLOBWB, the Community Atmosphere
Biosphere Land Exchange (CABLE), the Water Global Assessment and Prognosis Global Hydrology
Model (WGHM), and World-Wide Water (W3)) are validated against the in situ groundwater
data. The evaluation is conducted in terms of temporal correlation, seasonality, long-term
trend, and detection of groundwater depletion. The GRACE DA estimate shows a significant
improvement in all measures, notably the correlation coefficients (respect to the in situ data) are
always higher than the values obtained from model simulations alone (e.g., ~0.15 greater in Australia,
and ~0.1 greater in the NCP). GRACE DA also improves the estimation of groundwater depletion
that the models cannot accurately capture due to the incorrect information of the groundwater
demand (in, e.g., PCR-GLOBWB, WGHM) or the unavailability of a groundwater consumption
routine (in, e.g., CABLE, W3). In addition, this study conducts the inter-comparison between four
model simulations and reveals that PCR-GLOBWB and CABLE provide a more accurate ∆GWS
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estimate in Australia (subject to the calibrated parameter) while PCR-GLOBWB and WGHM are more
accurate in the NCP (subject to the inclusion of anthropogenic factors). The analysis can be used to
declare the status of the ∆GWS estimate, as well as itemize the possible improvements of the future
model development.

Keywords: groundwater storage; Australia; North China Plain; GRACE; data assimilation; EnKS 3D;
PCR-GLOBWB; CABLE; WGHM; W3

1. Introduction

Groundwater is one of the most important resources worldwide that supplies freshwater to sustain
the domestic and industrial sectors, particularly in arid and semi-arid environments [1,2]. Accurate
knowledge of groundwater storage variation (∆GWS) is important to understand the groundwater
resource situation, which is crucial to evaluate the threat with regards to soil salinity, degrading crop
production, and land subsidence, which are mainly induced by the over-pumping of groundwater
under the inadequate water supply condition. The distinct evidence is seen in Australia and the North
China Plain (NCP), where heavy water demand and climate variation affect the groundwater cycle
substantially [3–7].

The ∆GWS can be simulated from land surface models when the model parameters are properly
calibrated. This may be challenging, particularly for a large-scale simulation, due to the scarcity of
ground data to be used to calibrate the model. Another approach is to estimate the ∆GWS from
the space-borne observation obtained from the Gravity Recovery And Climate Experiment satellite
mission (GRACE) [8]. GRACE observations of Earth’s gravity can be used to derive the total water
storage variation (∆TWS), which includes, e.g., soil moisture, groundwater, snow, canopy water,
and surface water. The ∆GWS component could be extracted from the GRACE observation with
the other components computed from a hydrology model; e.g., to estimate groundwater depletion
over India [9], California’s Central Valley [10], and China [11,12]. However, the hydrological process
is commonly neglected in the ∆GWS calculation, and the statistical information used to extract the
desired component might not be properly accounted for. Several more sophisticated methods have
been developed to enhance the quality of the ∆GWS estimate, considering the error propagated from
the uncertainty in the model computation and the data. These include the decomposition of the
water storage component using temporal independent component analysis [13], constrained forward
modeling [14], wavelet decomposition [15], and inversion of the water balance equation [16], to name
a few. Alternatively, GRACE data assimilation (DA) was also proposed to optimize the inclusion
of GRACE data in the hydrological process, which results in the optimal estimation of the ∆GWS
component (e.g., [17]).

The number of GRACE DA approaches and applications has been increasingly developed in the
past few years regarding its performance and simplicity of the practical implementation. The GRACE
DA schemes are commonly developed based on a suitable implementation into a specific land
surface model. These include the data assimilation approach itself (e.g., ensemble Kalman filter
(EnKF, e.g., [18]), constraint EnKF [19], ensemble Kalman smoother (e.g., [17,20]), ensemble square root
filter [21], and particle filter (e.g., [21,22])), the configuration of updated state variables (e.g., update
at the beginning of the month [23], update every five days [18,24]), and the inclusion of GRACE
spatial correlation error (e.g., [25–27]). These GRACE DA approaches produced the improved ∆GWS
estimate over a wide range of river basins including Mississippi [17], North America [28], Rhine [18],
Hexi corridor [27], India [29], and Murray-Darling [20,24,30]. GRACE DA shows a clear benefit on the
deep storage and groundwater storage estimates, but not on the soil moisture computation. The little
benefit on soil moisture estimate is because the near-surface component exhibits more immediate
temporal responses to the meteorological forcing than what GRACE monthly measurement can
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capture, causing GRACE DA less responsive to the surface storage computation [20]. To enhance
the quality of the groundwater and surface soil moisture estimates simultaneously, [20] developed
a joint DA scheme that assimilated together the satellite soil moisture and GRACE observations
into the World-Wide Water (W3) model [31]. The approach successfully improved both surface soil
moisture and groundwater components over Australia, validating against the in situ soil moisture
and groundwater data. However, the quality of the ∆GWS estimate from the joint DA was reduced
compared to the assimilation using the GRACE observation alone. The negative effect is seen as
a drawback of the joint DA that cannot maximize the quality of all components at the same time [20].

This study focuses on GRACE DA for ∆GWS estimate only. GRACE data is assimilated into the
PCRaster Global Water Balance (PCR-GLOBWB) hydrology model [32], and we call the output as GRACE
DA. The study areas are Australia and the North China Plain (NCP), and the locations including the
in situ groundwater sites are shown in Figure 1. The GRACE DA approach is developed based on
the three-dimensional (3D) ensemble Kalman smoother (EnKS 3D), which has a similar schematic to
the filter version (EnKF 3D) [27]. The EnKF 3D was developed to account for the GRACE spatial
correlation error while keeping the computational cost affordable [33]. The EnKS 3D can be considered
as an extension of EnKF 3D with the inclusion of the temporal correlation between the daily state of
the month. The approach can also reduce the discontinuity between the months by updating the daily
state estimate directly instead of distributing the monthly update to a particular day (e.g., at the end of
the month [25]). The ∆GWS estimate from EnKS 3D is validated against the in situ groundwater data
over Australia and the NCP. The Australian ∆GWS estimate from GRACE DA has been comprehensively
assessed by [20]. However, the DA configuration of this study is different from [20] including land surface
models (PCR-GLOBWB vs. W3), DA scheme (EnKS 3D vs. EnKS), GRACE data (CSR vs. JPL Mascon),
and the inclusion of spatial correlation error (Yes vs. No). Therefore, this study can be considered as an
independent evaluation of the ∆GWS estimate over all of Australia. Nevertheless, in this study for the first
time, GRACE DA is conducted and evaluated over the NCP.

Remote Sens. 2018, 10, x FOR PEER REVIEW  3 of 26 

 

scheme that assimilated together the satellite soil moisture and GRACE observations into the World-Wide 
Water (W3) model [31]. The approach successfully improved both surface soil moisture and 
groundwater components over Australia, validating against the in situ soil moisture and 
groundwater data. However, the quality of the ∆GWS estimate from the joint DA was reduced 
compared to the assimilation using the GRACE observation alone. The negative effect is seen as a 
drawback of the joint DA that cannot maximize the quality of all components at the same time [20].  

This study focuses on GRACE DA for ∆GWS estimate only. GRACE data is assimilated into the 
PCRaster Global Water Balance (PCR-GLOBWB) hydrology model [32], and we call the output as 
GRACE DA. The study areas are Australia and the North China Plain (NCP), and the locations 
including the in situ groundwater sites are shown in Figure 1. The GRACE DA approach is developed 
based on the three-dimensional (3D) ensemble Kalman smoother (EnKS 3D), which has a similar 
schematic to the filter version (EnKF 3D) [27]. The EnKF 3D was developed to account for the GRACE 
spatial correlation error while keeping the computational cost affordable [33]. The EnKS 3D can be 
considered as an extension of EnKF 3D with the inclusion of the temporal correlation between the 
daily state of the month. The approach can also reduce the discontinuity between the months by 
updating the daily state estimate directly instead of distributing the monthly update to a particular 
day (e.g., at the end of the month [25]). The ∆GWS estimate from EnKS 3D is validated against the in 
situ groundwater data over Australia and the NCP. The Australian ∆GWS estimate from GRACE DA 
has been comprehensively assessed by [20]. However, the DA configuration of this study is different 
from [20] including land surface models (PCR-GLOBWB vs. W3), DA scheme (EnKS 3D vs. EnKS), 
GRACE data (CSR vs. JPL Mascon), and the inclusion of spatial correlation error (Yes vs. No). 
Therefore, this study can be considered as an independent evaluation of the ∆GWS estimate over all 
of Australia. Nevertheless, in this study for the first time, GRACE DA is conducted and evaluated 
over the NCP. 

 
Figure 1. (a) Geographical locations of the study areas; (b) the North China Plain (NCP); and (c) Australia.
The groundwater locations (red triangles) in major cities of NCP are shown in (b) while the locations of
groundwater observation bores (green dots) in Australia are shown in (c).
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The performance of GRACE DA is evaluated by comparing the GRACE DA result with the
simulated result from a particular model, i.e., the one that is used in the DA process. This evaluation
provides some insight into the effect of GRACE DA regarding the model configuration and
ineffective parameter calibration. The inter-comparison of multiple LSM outputs can also provide
an effective quality assessment of water storage estimates. The comparison is also important to
identify the strengths and weaknesses of a particular model, leading to a more correct direction
of the future model development. In this study, the final products from three additional models,
the Community Atmosphere Biosphere Land Exchange (CABLE) [34], the Water Global Assessment
and Prognosis Global Hydrology Model (WGHM) [35], and the World-Wide Water (W3) [31] are
obtained. The estimates from four independent models and GRACE DA are used to assess the quality
of the ∆TWS and ∆GWS estimates. It is noted that PCR-GLOBWB and WGHM are hydrology models,
as they do not contain the energy balance component. However, for convenience, we use the term
LSMs to represent all models in this study.

This paper provides the overview of the ∆TWS and ∆GWS estimates in Australia and NCP from
the four state-of-the-art model simulations as well as from the GRACE DA estimate. The qualitative
and quantitative analyses are presented as follows: Section 2 describes the hydrology models and
GRACE data processing, including the estimation of the GRACE error variance-covariance matrix.
Section 3 outlines the EnKS 3D and its implementation. Section 4 presents the quality assessment of
the ∆TWS and ∆GWS estimates based on the statistical analysis, as well as the validation against the
in situ data. The groundwater depletion observed in Australia and the NCP is also presented in this
section. Section 5 discusses the current limitation and possible future development of LSMs. Section 6
summarizes the findings.

2. Data Processing and Land Surface Models

2.1. GRACE

The GRACE data and its error variance-covariance matrices are obtained from the GRACE
gravity product release 5 (RL05), generated by the University of Texas at Austin’s Center for Space
Research [36] between January 2003 and December 2014. The product consists of monthly sets of
spherical harmonic coefficients (SHC, Clm). The TWS and its uncertainty are computed using the
SHC up to degree (l) and order (m) 60. For the ∆TWS computation, the GRACE data are processed
as follows. Firstly, the degree 1 coefficients provided by [37] are restored, and C20 is replaced by the
value obtained from [38]. Secondly, the long-term mean SHC is removed from each monthly product
to obtain the SHC variation (∆Clm). Finally, the destriping and 250 km-radius Gaussian smoothing
filters are applied to reduce the high frequency noises [39,40]. The ∆TWS is then computed as:

∆TWS(θ, φ) =
60

∑
l=1

l

∑
m=−l

Ŷlm(θ, φ) Sl∆Clm (1)

where θ, φ are co-latitude and longitude in spherical coordinates, Ŷlm is the normalized surface
spherical harmonic, and Sl contains a scaling factor used to convert dimensionless coefficients to
∆TWS (in meter) [41]:

Sl =
ae(2l + 1)
3(1 + kl)

ρe

ρw
(2)

where ae is the semi-major axis if the reference ellipsoid, ρe is the average density of the earth, ρw is the
average density of water, and kl is the load love number. The matrix form of Equation (1) is:

∆TWS = YSx (3)

where Y contains Ŷlm of all locations, S contains Sl , and x is a vector of ∆Clm. In this study, the ∆TWS
is computed at every 0.5◦ × 0.5◦ grid cell. This cell size is chosen through trial and error as
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a balance between the performance and compatibility with the PCR-GLOBWB resolution. It is noted
that the 0.5 grid data are highly correlated, and they are not used independently in GRACE DA.
Instead, the correlation error of such a fine scale will be accounted for in the application of EnKS 3D.
Additionally, the ∆TWS signal is generally damped after the application of filters. The damped signal
is restored using the signal restoration method, which iteratively searches for the mitigated signal
based on forward modeling [42,43].

The ∆TWS uncertainty is computed using the monthly full error variance-covariance matrix of
the SHC (Σ). However, the provided Σ is associated with the original GRACE product, and cannot be
directly used with the post-processed GRACE data. The method proposed in [27] is used to obtain the
error variance-covariance matrix associated with the post-processed data. Firstly, the noise realization
(100 members) is generated based on Σ, and each noise realization is post-processed in the same way
as the GRACE data. Then, the error variance-covariance matrix (Σ̂) associated with the post-processed
SHCs is computed empirically from the post-processed noise realization. After obtaining Σ̂, the error
covariance matrix R of the GRACE-derived ∆TWS (see Equation (3)) is computed using the error
propagation law as:

R = YS Σ̂ (YS)T (4)

It is noted that GRACE provides the variation of TWS while the DA process requires the absolute
TWS. Therefore, in the DA process, the long-term mean TWS computed from PCR-GLOBWB between
January 2003 and December 2014 is added to the GRACE-derived ∆TWS to obtain the absolute
TWS observation.

2.2. Land Surface Models

2.2.1. PCR-GLOBWB Model and Uncertainties

The PCR-GLOBWB model [32,44] is a grid-based hydrology and water resources model that
runs at daily resolution. The model is parameterized based on only global datasets and fed by
meteorological forcing data, i.e., precipitation, temperature and reference potential evapotranspiration
(PET). PCR-GLOBWB simulates spatial and temporal continuous fields of various fluxes of the
hydrological cycle, e.g., evaporation, runoff, and groundwater recharge, as well as human water
use. The latter includes surface water and groundwater abstraction that is estimated internally within
the model based on the simulation of their availabilities and water demands for irrigation and other
sectors [45]. The TWS of PCR-GLOBWB consists of several water storage components, including snow,
interception, soil moisture, groundwater, and surface water (lakes, reservoirs, rivers, and inundated
water). The groundwater store of PCR-GLOBWB consists of the renewable and non-renewable
parts. Both parts are susceptible to groundwater abstraction, but only the renewable part receives
groundwater recharge from the soil moisture storage. The non-renewable groundwater is available for
abstraction to satisfy water demands once the overlying hydrologically-active renewable groundwater
storage is depleted.

In this study, PCR-GLOBWB is forced by the daily precipitation data from the Tropical Rainfall
Measuring Mission (TRMM 3B42) [46], and 2 m daily air temperature data from the European Centre
for Medium-range Weather Forecasts (ERA-Interim) [47]. The daily PET is calculated based on the
Hamon method [48]. The forcing data are resampled to 0.5◦ × 0.5◦ spatial resolution to reconcile
with the PCR-GLOBWB spatial scale. Similar to [27], the precipitation uncertainties are obtained
from the TRMM product [49] while the uncertainties of temperature and potential evapotranspiration
are assumed to be 2 ◦C, and 30% of the nominal potential evapotranspiration value, respectively.
The uncertainties of PCR-GLOBWB parameters that are related to the TWS calculation are assumed
to be 20% of the range of the nominal values (see Table 1 in [27]). The error magnitudes are selected
through trial-and-error, mainly to allow the ensemble growth between updates in the DA process.
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2.2.2. CABLE, WGHM, and W3 Models

The CABLE model is the core LSM of the Australian Community Climate and Earth System
Simulator (ACCESS) [50] that is used to project the Earth’s climate variation in the longer term,
together with making short and medium-range weather forecasts and seasonal predictions globally.
This study uses an offline CABLE version that calculates the water storage components every 3 h
at 0.5◦ × 0.5◦ spatial resolution based on new subgrid-scale soil moisture and groundwater process
(CABLE-SSGW, see full details in [34,51]). The model determines the soil water in six different layers
by vertically redistributing the soil water based on the modified Richards equation [52]. An unconfined
aquifer is located below the soil layers, and the groundwater is modeled with a simple water balance
model [52]. The TWS consists of soil moisture, groundwater, snow water equivalent, and canopy
storages. The model is forced by the combined forcing data obtained from the TRMM 3B42 and the
Global Land Data Assimilation System (GLDAS) products [53]. The TRMM-GLDAS combination is
chosen as they deliver the best water storage estimate in Australia (compared to other combination;
see [54]).

The WGHM model [35,55,56] calculates the water balance and estimates the storage compartments
and its related fluxes daily at 0.5◦ × 0.5◦ spatial resolution. WGHM was developed to assess the
availability of water resources for historical time series, as well as for climate change scenarios.
The model calculates water fluxes and storages on the global land area (except Antarctica and
Greenland) considering both the natural hydrological cycle and its anthropogenic alterations.
This study uses the most recent development of WGHM (version 2.2c), and the model is forced
by the forcing data from the WATCH Forcing Data methodology applied to the ERA-Interim data
(WFDEI) [57] and the Climatic Research Unit (CRU) using precipitation, temperature, and short-wave
and long-wave downward radiation. WGHM is calibrated against observed long-term annual
streamflow observations at 1319 stations worldwide, and the model constructs TWS using the storages
of soil, groundwater, snow, canopy, and surface water (reservoir, lake, river, and wetland). The model
also parameterizes the water withdrawal and water consumption from five different sources: irrigation,
domestic, manufacturing, livestock, and cooling water use for thermal power plants, with the first
three sectors using surface water and groundwater resources, and the latter two using only surface
water resources. Comprehensive model descriptions can be found in [35].

The W3 model is a global water balance model based on the landscape component of
the Australian Water Resource Assessment system (AWRA-L) [58]. The model is a grid-based,
one-dimensional ecohydrological model that simulates water stores and flows in the soil, vegetation,
and local catchment groundwater system. Version 1 of the W3 model with uncalibrated parameters
is used in this study. The TWS simulated in W3 is the integration of surface water, soil moisture,
unconfined groundwater, snow, and vegetation water storage. The model partitioned the unsaturated
soil layers into three layers, namely the near-surface soil layer, the shallow, and the deep root
layer. The groundwater balance is developed based on a simple model with recharge from deep
drainage, capillary rise, evaporation from groundwater saturated areas and discharge into streams.
The groundwater withdrawal module is currently not available in W3. The meteorological inputs
of W3 are gridded 0.5◦ daily total precipitation, short-wave and long-wave downward radiation,
air temperature, wind speed, surface pressure, and snow rate from WFDEI. The parameter values and
comprehensive model description can be found in the model technical documentation [58].

2.3. In Situ Groundwater Data

In Australia, the monthly in situ groundwater level data are collected from the Australian Bureau
of Meteorology through the Australian Groundwater Explorer. There are more than 870,000 monitoring
bores distributed unevenly across the continent. Individually, these bores provide a point-scale
measurement of the groundwater level. At the individual bore, the groundwater level measurement
is converted to the groundwater level variation (∆GL) by removing the long-term mean computed
between 2003 and 2014. The bores with missing data (more than 36 months or no seasonal variations)
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are excluded. The locations of the groundwater measurement used in this study are shown in Figure 1c.
To reconcile with the model spatial resolution, all in situ data inside the same 0.5◦ × 0.5◦ grid cells are
averaged. Note that the ∆GL data are mainly used in the validation, and they are not converted to
groundwater storage due to the uncertain specific yield (Sy).

In the NCP, monthly groundwater level data is obtained from the Ministry of Water Resources of
China (MWRC). The data obtained is the mean groundwater level of eighteen main cities of the NCP
(Figure 1b), which are computed based on approximately ~1200 phreatic well observations. The data
are available to May 2014. The groundwater level anomalies are computed by removing its long-term
mean, and the data are averaged to 0.5◦ × 0.5◦ grid cells.

3. GRACE Data Assimilation

The EnKS 3D is used to assimilate the GRACE observation into the PCR-GLOBWB model.
The approach is developed based on its successor, EnKF 3D [27], which was used to account for
the spatial correlation errors of the model and GRACE observation. Extending from the EnKF 3D,
the EnKS 3D considers both spatial and temporal correlations in the DA process. The spatial correlation
is computed only between the model neighboring grid cells, which is defined as all model grid cells
inside the distance of the GRACE spatial resolution. In this study, the GRACE spatial resolution is
assumed to be the same as the applied Gaussian smoothing radius, 250 km. The temporal correlation
between the daily state estimates of the month is also considered, which is used to disaggregate the
monthly GRACE information into the daily state estimate, i.e., via the temporal correlation included in
the Kalman gain matrix.

The EnKS 3D process consists of forecast and update (analysis) steps. In the forecast step,
the model (PCR-GLOBWB) is propagated forward in time, and the model state estimates (ψ) are
related to the GRACE observations by:

d = Hψ + ε, ε ∼ N (0, R), (5)

ψ =
[

gi=1 gi=2 gi=3 · · · gi=m

]T
∣∣∣∣
nmp×1

, (6)

where d is an m × 1 vector containing the GRACE observations for the month of interest, ε is the
observation error, R is the error covariance matrix of the observation (obtained from Section 2.1,
Equation (4)), H is a measurement operator which relates the PCR-GLOBWB state ψ to the observation
vector d, g contains daily TWS-related state variables of PCR-GLOBWB of all grid cells (n×m), m is
the number of model grid cells, n is the number of PCR-GLOBWB state variables (n = 27), and p is the
number of day. The subscription i of g is the model grid cell index, where i = 1 represents the center
grid cell and i = 2 − m are the neighboring grid cells. As the sum of all daily state elements divided
by the number of day (T) is equal to monthly TWS at a given cell, the H matrix is defined as:

H =
1
T


11×np 0 · · · 0

0 11×np · · · 0
...

...
. . .

...
0 0 · · · 11×np


m×nmp

, (7)

where 11×np indicates a row vector, which contains 1 in all elements, and 0 is the zero vector with the
same dimension.

After the model propagation of N ensemble members for one month, the ensemble states are
stored in a matrix Anmp×N = (ψ1, ψ2, ψ3, . . . , ψN). Similarly, the GRACE observation vector is stored
in the matrix Dm×N = (d1, d2, d3, . . . , dN). Note here that the observation d is perturbed by the random
noise ∼ N (0, R). Then, the ensemble perturbation matrix is defined as A′ = A−A, where the matrix
A is the replicate matrix of the mean value (column) vector computed from A. The observation
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perturbation matrix is defined a similar manner, D′ = D−D, where D is the mean value matrix
computed from D. The analysis equation can be expressed as [59]:

Aa = A + K(D−HA), (8)

with:
K = PeHT

(
HPeHT + Re

)−1
, (9)

where Aa
nmp×N is the updated model state, and Knmp×m is the Kalman gain matrix. The model and

observation error covariance matrices Pe|nmp×nmp and Re|m×m are computed as:

Pe = A′
(
A′
)T/(N − 1), (10)

Re = D′
(
D′
)T/(N − 1). (11)

The daily state variables of the center grid cell are saved, and the EnKS 3D process is applied to
all remaining grid cells of the same month. After completing all grid cells, the model is propagated to
the next month, and the DA process is repeated until the end of the study period. Note that EnKS 3D
adopts the same update approach (spatially) as EnKF 3D. More details and processing diagrams can
be found in [27].

4. Results

4.1. Data Assimilation Process and Impact on ∆TWS Estimates

The data assimilation is performed between January 2003 and December 2014 using N = 100
ensemble members. Firstly, the forcing data, parameters, and initial states are perturbed (see the error
levels in Section 2.2.1) with the additive Gaussian noise. Then, the ensemble open loop (EnOL) is
conducted by independently propagating the model using the N ensemble inputs without assimilating
any GRACE data. Note that the mean value of the EnOL result is very close or identical to the nominal
run result of PCR-GLOBWB when a sufficiently large ensemble member (e.g., 100) is used in EnOL.
Therefore, the term PCR-GLOBWB is used to refer to the EnOL result in this study. For the GRACE
DA, the model is also propagated from January 2003 and December 2014, but the GRACE observations
(when available) are assimilated.

The ∆TWS estimates over the Gulf of Carpentaria (GOC, Figure 2a), Murray-Darling (MRD,
Figure 2b), South West Coast (SWC, Figure 2c), and the NCP (Figure 2d) show that the GRACE
DA estimate moves toward the GRACE observation (when available), and the GRACE DA result
generally lies in between the PCR-GLOBWB estimates and GRACE observations. As expected,
the overall standard error of the GRACE DA estimate is smaller than both model and observation
errors. It is noticeable that without assimilating GRACE observation into the hydrological process,
the PCR-GLOBWB uncertainty grows considerably in time, which indicates that the model might
become unreliable after being propagated for some periods. In addition to the error reduction,
GRACE DA has a visible impact on both seasonality and secular trend of the ∆TWS estimates.
For example, GRACE DA increases the TWS seasonal amplitude of GOC by ~1 cm, which is ~13% closer
to the GRACE observation (Figure 2a). Additionally, inspecting the ∆TWS in all four basins reveals
that PCR-GLOBWB underestimates ∆TWS prior to 2007 and overestimates it after 2010. Assimilating
the GRACE observation into the system remedies the poor estimates by adding more water into the
basin between 2003 and 2007 and subtracting it after 2010. Consequently, GRACE DA alters the secular
change of ∆TWS, leading to a closer long-term trend estimate to the GRACE observation, i.e., reducing
from 0.2 cm/year (PCR-GLOBWB) to −0.3 cm/year (GRACE DA), compared to −0.4 cm/year
(GRACE) in SWC (Figure 2c). The change in the long-term trend estimates indicates that PCR-GLOBWB
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likely underestimates the water storage loss in Australia and the NCP. More analysis of the long-term
trend estimate is given in Section 4.3.2.Remote Sens. 2018, 10, x FOR PEER REVIEW  9 of 26 
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4.2. Evaluation of ∆TWS Estimates

The ∆TWS estimates from four LSMs and GRACE DA are compared with the GRACE observation
to provide a qualitative overview of the ∆TWS estimate from the four state-of-the-art models,
together with the benefit of GRACE DA. The evaluation is conducted based on the temporal
correlation (ρ), and the root mean square difference (RMSD) between the model estimates and GRACE
observation. The results of ρ and RMSD in Australia and NCP are shown in Figures 3 and 4 while the
basin-averaged values are given in Tables 1 and 2. Due to the coarse spatial resolution of GRACE data,
any interpretation of the result on the individual 0.5◦ grid should be avoided. Therefore, Figures 3 and 4
are only used for the visualization purpose, while the evaluation is mainly based on the basin-averaged
statistical value (Tables 1 and 2).
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Table 1. The correlation coefficient (ρ, 5% significance level) between GRACE observation and the
∆TWS estimates from four different models and GRACE DA in different study regions (see full name
in Figure 1). The averaged value of Australia is also given.

River Basin CABLE WGHM W3 PCR-GLOBWB GRACE DA

GOC 0.70 0.68 0.76 0.59 0.81
IND 0.33 0.31 0.37 0.43 0.54
LKE 0.73 0.36 0.64 0.61 0.65
MRD 0.71 0.40 0.69 0.69 0.76
NEC 0.73 0.51 0.66 0.70 0.82
NWP 0.66 0.35 0.58 0.49 0.65
SEC 0.55 0.55 0.51 0.56 0.73
SWC 0.25 0.45 0.54 0.46 0.66
SWP 0.46 0.21 0.45 0.46 0.66
TIM 0.72 0.61 0.76 0.57 0.78

Average 0.58 0.44 0.60 0.56 0.71
NCP 0.35 0.36 0.35 0.42 0.60

Table 2. The RMS difference (cm) between GRACE observation and the ∆TWS estimates from four
different models and GRACE DA in different study regions (see full name in Figure 1). The averaged
value of Australia is also given.

River Basin CABLE WGHM W3 PCR-GLOBWB GRACE DA

GOC 12.75 10.94 9.97 18.97 7.74
IND 4.43 2.94 3.20 3.75 2.62
LKE 4.41 3.39 2.88 3.86 2.85
MRD 5.02 5.63 4.21 5.97 3.77
NEC 10.92 7.57 7.66 18.49 5.10
NWP 5.22 5.22 4.32 5.08 4.14
SEC 8.73 7.90 7.40 10.37 5.51
SWC 5.46 4.41 4.01 6.02 3.59
SWP 3.45 2.81 2.55 4.87 2.06
TIM 7.79 8.46 6.83 14.02 5.43

Average 6.82 5.93 5.30 9.14 4.28
NCP 5.46 5.51 4.14 3.38 2.93
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In terms of correlation, CABLE, W3, and PCR-GLOBWB show the best overall correlation values
in Australia (averaged correlation, ρ ≈ 0.6), while WGHM provides lower values (~0.15 lower on
average), particularly in the central part of the continent (Figure 3b). In the NCP, PCR-GLOBWB
provides the highest ρ value (≈ 0.4), whereas the other three models perform similarly (ρ ≈ 0.3). In the
northern part of Australia (e.g., GOC, TIM), CABLE, W3, and WGHM produce the highest ρ (~≥0.7),
whereas PCR-GLOBWB provides the lowest correlation. For the NCP, negative values are observed
in all models, particularly in CABLE and W3 over Central Hebei (Figure 3f,h). The negative ρ values
might be attributed to the intense groundwater pumping activity that might interfere with the timing
of the ∆GWS and ∆TWS variation, leading to the anti-correlation. The effect is more severe in CABLE
and W3 as the groundwater consumption routine is not included in the groundwater computation.
Details on groundwater depletion over NCP are discussed in Section 4.5.

In terms of RMSD, the inconsistency between models’ simulated ∆TWS and GRACE observation
is greater in the coastal regions of Australia. A greater RMSD value in the north coastal areas
(compared to the inner part of the continent, Figure 4a–d) is likely due to the larger variation of
∆TWS induced by greater precipitation in the monsoon region, as well as the leakage errors from
the non-tidal ocean changes over the Gulf of Carpentaria [60,61]. In terms of the overall RMSD,
W3 shows the best agreement with GRACE in Australia (Table 2) while the least agreement is seen in
PCR-GLOBWB. The large RMSD value of PCR-GLOBWB is due to the overestimated ∆TWS in the
northern and eastern basins (e.g., GOC, NEC, SEC, TIM) likely caused by the underestimated PET
(see Section 5) and the ineffective calibration of groundwater drainage parameters that produce the
over-accumulation of ∆GWS in the regions. The scenario is different in the NCP, where PCR-GLOBWB
performs best regarding the overall RMSD. The twice RMSD values (compared to other LSMs) are
observed in WGHM over Central Hebei, which is attributed to underestimated groundwater recharge
or overestimated groundwater withdrawals (see Section 5).

After assimilating GRACE into PCR-GLOBWB (Figure 3e), the average ρ value of the Australian
∆TWS estimate is improved by 27% (from 0.56 to 0.71). The average ρ value of GRACE DA is
greater than of other models, e.g., up to almost twice that compared to WGHM. At the same time,
GRACE DA also reduces the RMSD by 114% (compared to PCR-GLOBWB), and the average RMSD
is smaller than the other three models (Figure 4e). In NCP, a similar benefit of GRACE DA on the
correlation and RMSD improvement is also observed (Figures 3f and 4f). It is not surprising that
GRACE DA outperforms all models regarding the inclusion of the GRACE observation in the DA’s
∆TWS computation. However, we emphasize here that the improvement only reflects the success of
GRACE data assimilation. The evaluation of the GRACE DA estimate is necessary to assess the quality
of the estimates before GRACE DA can be confidently applied into any operational water resource
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assessment system. The validation of GRACE DA estimate against the in situ data, ∆GWS in particular,
is discussed in Section 4.4.

4.3. Seasonality and Long-Term Trends of ∆TWS and ∆GWS Estimates

The annual amplitude (Figures 5 and 6) and long-term trends (Figures 7 and 8) of the ∆TWS and
∆GWS estimates in Australia and NCP from four different models and GRACE DA are analyzed in
this section to provide the overview of the water storage variation in the past decade, as well as the
characteristics of ∆GWS estimated from different models.
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climates, e.g., tropical savanna in the north and humid-subtropical in the east [62], mainly influences 
the greater ∆TWS amplitude there. WGHM shows the smallest overall ∆TWS variation, which is 
likely attributed to the maximum soil water storage that is substantially lower than other models (see 
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4.3.1. Seasonal Variation

In Australia, the spatial pattern of the ∆TWS annual amplitude of all models is almost similar to
the GRACE pattern, stronger in the Northern, Southeastern, and Southwestern Australia, while weaker
in the inner part of the continent (Figure 5b–f). A strong seasonal rainfall induced by wet climates,
e.g., tropical savanna in the north and humid-subtropical in the east [62], mainly influences the greater
∆TWS amplitude there. WGHM shows the smallest overall ∆TWS variation, which is likely attributed
to the maximum soil water storage that is substantially lower than other models (see also supporting
information of [63]). Additionally, the ∆GWS estimate exhibits a similar spatial pattern as ∆TWS,
but the annual amplitude is approximately 2–3 times smaller (Figure 5g–k), implying considerable
contribution from the soil moisture to total storage changes.
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Similar behavior is seen in the NCP (Figure 6), the ∆GWS estimate contributes less than 50% of
the ∆TWS annual amplitude. In all model simulations, stronger seasonal variations of ∆TWS and
∆GWS are observed in the south-eastern part of NCP, particularly in Shandong Province where the
precipitation’s annual amplitude is approximately 24% greater than the Hebei Province (not shown).
Among all models, W3 has a very small ∆GWS spatial variation in the NCP, particularly the ∆GWS
annual amplitude is only ~12% of the ∆TWS amplitude. W3 models the unconfined groundwater
storage using a one-parameter linear reservoir equation. The groundwater store does not have physical
depths, and the uncalibrated field capacity (~1000 mm) for the deep soil component is used. Therefore,
the groundwater storage is enclosed in the deep soil storage when the distributing water does not reach
the default field capacity. In such a case, groundwater recharge is not generated, and the groundwater
storage becomes very small.

The inaccurate ∆GWS estimate seen in WGHM is likely caused by an improper value of
an empirically parameter-controlled runoff volume (γ, see Equation (A11) in [56]). In Australia,
the γ value is generally calibrated to nearly a maximum value, leading to the underestimated
groundwater recharge and storage. However, the value is lower in all coastal areas of Australia,
where a better agreement (e.g., with in situ data) is found. Additionally, in the semi-arid and arid
regions, WGHM allows the groundwater recharge only when a daily precipitation value of 12.5 mm
is reached. If this is not the case, the calculated groundwater recharge leaves the soil as runoff,
contributing to a very small variation of the ∆GWS component. In the upcoming WGHM model
version, the calculated groundwater recharge is kept in the soil in such cases. In the NCP, the γ value
is set very low (a large portion of soil water recharges groundwater or runoff), but still underestimated
groundwater recharge occurs.

Assimilating GRACE into PCR-GLOBWB has a clear impact on the ∆TWS and ∆GWS annual
amplitudes in both regions. In Australia (Figure 5f,k), the ∆TWS and ∆GWS patterns are clearly led by
GRACE. GRACE DA reduces the ∆GWS annual amplitude in NEC, SWC by >50%, and the northern
part of MRD while it increases the amplitude in the southern part of MRD, SWP, GOC, and TIM (~20%).
A similar effect is also observed in the NCP, where GRACE DA reduces the overestimated annual
amplitude of ∆TWS (and ∆GWS) in all provinces (see, e.g., Figure 6e vs. Figure 6f), leading to a closer
spatial pattern to the GRACE observation. A clear impact of GRACE on the ∆GWS spatial pattern
confirms that the GRACE DA successfully distributes the gravity information into the groundwater
store. A similar finding can be seen in the GRACE DA literature (e.g., [17,30]).

4.3.2. Long-Term Trend Estimates

The long-term trend of ∆TWS and ∆GWS from four model simulations, GRACE observation, and
GRACE DA in Australia and the NCP are shown in Figures 7 and 8, respectively. In Australia (Figure 7),
CABLE and PCR-GLOBWB show a distinct secular trend of ∆GWS (as well as ∆TWS) while WGHM
and W3 show a much smaller trend. The spatial pattern and the magnitude of the ∆GWS trend almost
resemble the ∆TWS trend, indicating that the long-term change of the water storage in Australia mainly
stems from groundwater. Compared to GRACE, CABLE shows the most comparable spatial pattern of
the ∆TWS trend estimate, particularly in the NWP where CABLE and GRACE observe the negative
trend of ca. −0.6 cm/year and ca. −0.4 cm/year, respectively, while PCR-GLOBWB and other models
fail to capture the decreasing ∆TWS in this basin. However, the inaccurate ∆TWS trend estimates are
still observed from CABLE in several regions, e.g., IND, and SWC. Furthermore, PCR-GLOBWB shows
a reasonable ∆TWS spatial feature in northern and eastern coastal regions, but the long-term trends are
overestimated by several times compared to GRACE (attributed to incorrect parameters (Section 4.2)
and forcing data; see also Section 5). After assimilating GRACE data into PCR-GLOBWB, the spatial
patterns of ∆TWS and ∆GWS trends become closer to the GRACE pattern (Figure 7f,k vs. Figure 7a).
GRACE DA reduces the trend estimate in NEC from 4.9 cm/year to 1.1 cm/year (compared to GRACE,
1.0 cm/year) while increasing the depletion trend in NWP from −0.2 cm/year to −0.3 cm/year
(compared to GRACE, −0.4 cm/year). GRACE DA also resolves the ambiguous increasing trend in
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SWP, which is likely caused by the ineffective calibration of the groundwater discharge generation,
causing the accumulation of ∆GWS in the region.

In the NCP (Figure 8), except W3, the ∆GWS trend of all models almost resemble the ∆TWS
pattern. This behavior is already seen in Australia, which emphasizes again that the trend of the ∆TWS
estimate is mainly dominated by the ∆GWS trend. PCR-GLOBWB and WGHM detect the negative
∆GWS trends in Hebei Province, while CABLE and W3 cannot observe such features. The negative
∆GWS trend in this area is mainly induced by the excessive demand of groundwater required for
agriculture during the 2003–2009 rainfall deficiency period ([11], see also Section 4.5). Apparently,
a missing groundwater consumption component in the water storage calculation (e.g., in CABLE
and W3) leads to the failure of groundwater depletion modeling. However, albeit the inclusion of
groundwater demand component, it is found that PCR-GLOBWB and WGHM overestimate the ∆TWS
trend in Hebei Province (comparing with GRACE) by approximately two and four times, respectively.
After assimilating GRACE into PCR-GLOBWB, the estimated ∆TWS trend becomes closer to the
GRACE trend (−0.5 cm/year). The ∆TWS trend of the Hebei province is reduced from −1.0 cm/year
to −0.7 cm/year, and the ∆GWS trend is reduced from −1.1 cm/year to −0.7 cm/year. Undeniably,
the instantaneous trend correction delivered by GRACE DA highlights its potential function on the
improved ∆TWS (and ∆GWS) trend estimate. The evaluation of the ∆GWS trend estimate, particularly
over areas with substantial groundwater demand, will be separately discussed (Section 4.5).

4.4. Validation of ∆GWS Estimates

4.4.1. Validation of ∆GWS Estimates against In Situ Data

The ∆GWS estimates from four models and GRACE DA are validated in terms of temporal
correlation against the available in situ ∆GL data in Australia (Figure 9) and the NCP (Figure 10).
The basin-averaged correlation values of GOC, NEC, LKE, MRD, SEC, TIM, SWC (the basin where the
number of the available in situ data is greater than 20 pixels), and the NCP are also shown to provide
an overall quality of the ∆GWS estimate (Figure 11).

Remote Sens. 2018, 10, x FOR PEER REVIEW  15 of 26 

 

ineffective calibration of the groundwater discharge generation, causing the accumulation of ∆GWS 
in the region. 

In the NCP (Figure 8), except W3, the ∆GWS trend of all models almost resemble the ∆TWS 
pattern. This behavior is already seen in Australia, which emphasizes again that the trend of the 
∆TWS estimate is mainly dominated by the ∆GWS trend. PCR-GLOBWB and WGHM detect the 
negative ∆GWS trends in Hebei Province, while CABLE and W3 cannot observe such features. The 
negative ∆GWS trend in this area is mainly induced by the excessive demand of groundwater 
required for agriculture during the 2003–2009 rainfall deficiency period ([11], see also Section 4.5). 
Apparently, a missing groundwater consumption component in the water storage calculation (e.g., 
in CABLE and W3) leads to the failure of groundwater depletion modeling. However, albeit the 
inclusion of groundwater demand component, it is found that PCR-GLOBWB and WGHM 
overestimate the ∆TWS trend in Hebei Province (comparing with GRACE) by approximately two 
and four times, respectively. After assimilating GRACE into PCR-GLOBWB, the estimated ∆TWS 
trend becomes closer to the GRACE trend (−0.5 cm/year). The ∆TWS trend of the Hebei province is 
reduced from −1.0 cm/year to −0.7 cm/year, and the ∆GWS trend is reduced from −1.1 cm/year to −0.7 
cm/year. Undeniably, the instantaneous trend correction delivered by GRACE DA highlights its 
potential function on the improved ∆TWS (and ∆GWS) trend estimate. The evaluation of the ∆GWS 
trend estimate, particularly over areas with substantial groundwater demand, will be separately 
discussed (Sections 4.5). 

4.4. Validation of ∆GWS Estimates 

4.4.1. Validation of ∆GWS Estimates against In Situ Data 

The ∆GWS estimates from four models and GRACE DA are validated in terms of temporal 
correlation against the available in situ ∆GL data in Australia (Figure 9) and the NCP (Figure 10). The 
basin-averaged correlation values of GOC, NEC, LKE, MRD, SEC, TIM, SWC (the basin where the 
number of the available in situ data is greater than 20 pixels), and the NCP are also shown to provide 
an overall quality of the ∆GWS estimate (Figure 11). 

 
Figure 9. The correlation coefficient between the in situ ΔGL data and the ΔGWS estimate from four 
models (CABLE (a), WGHM (b), W3 (c), PCR-GLOBWB (d)) and GRACE DA (e) in Australia. The 
difference between GRACE DA and PCR-GLOBWB (GRACE DA minus PCR-GLOBWB) is also 
shown (f). 

Figure 9. The correlation coefficient between the in situ ∆GL data and the ∆GWS estimate from
four models (CABLE (a), WGHM (b), W3 (c), PCR-GLOBWB (d)) and GRACE DA (e) in Australia.
The difference between GRACE DA and PCR-GLOBWB (GRACE DA minus PCR-GLOBWB) is also
shown (f).
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Figure 11. The averaged correlation coefficient between the in situ ∆GL and the ∆GWS estimate from
four models and GRACE DA in Australia, and the NCP. In Australia, only the basins with more than
20 in situ ∆GL pixels are analyzed. The averaged value of Australia is also shown (AVG). In the NCP,
only the in situ ∆GL data measured from the deep aquifer are considered.

In Australia (Figure 9), all models correlate better with the in situ data in the eastern part of
the continent while very low or negative correlation values are observed mostly in the western
part (e.g., ρ < 0.02 in SWC). CABLE and PCR-GLOBWB show better agreements with the in situ
data compared to WGHM and W3 in all basins. The average correlation values of CABLE and
PCR-GLOBWB are 0.24 and 0.26, respectively, which are approximately 0.1 higher than WGHM
(ρ ≈ 0.11) and W3 (ρ ≈ 0.14). In terms of correlation, CABLE provides the highest value mostly in the
inner part of the continent (e.g., LKE, MRD) while PCR-GLOBWB delivers more accurate ∆GWS in the
northern and eastern coastal areas of Australia (e.g., GOC, NEC, TIM). By assimilating the GRACE
observation into PCR-GLOBWB, the correlation increases in most basins. Clear increments are seen in
the northern part of LKE, the southern part of MRD, and SWC basins (see Figure 9d vs. Figure 9e),
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and the negative values in the western part of the continent mostly turn to positive. The impact of
GRACE DA on the ∆GWS estimate can be seen from the correlation value difference (ρd) between
the ∆GWS computation with and without GRACE DA (ρd = ρGRACE−DA − ρPCR−GLOBWB, Figure 9f).
The ρd value expresses that GRACE DA provides a greater benefit in the inner and western parts of
the continent where the model-data correlation was lower. Overall, GRACE DA improves the ρ values
in all Australian basins, not only compared with PCR-GLOBWB, but also compared with the three
other models (see Figure 11). On average, GRACE DA increases the ρ value from 0.26 to 0.40 (by ~54%,
compared to PCR-GLOBWB).

In the NCP (Figure 10), WGHM and PCR-GLOBWB apparently show higher ρ values compared to
CABLE and W3, particularly in Central Hebei and Henan Provinces. With the GRACE DA application,
the correlation is improved mostly in the central NCP while degraded in the eastern part of the
region (Figure 10f). The degradation is found consistently from the (relatively) shallower ground
level data with an average water level less than 10 m is displayed as a black cross (x) in Figure 10f.
The groundwater observations in these pixels are unlikely sensitive to the groundwater water depletion
that commonly occurs in deep aquifers. By contrast, GRACE observations infer the total water column
encompassing groundwater signal in both deep and shallow aquifers. The groundwater levels in
the shallow aquifer do not effectively represent the total ∆GWS in the NCP. We only consider the
groundwater table deeper than 10 m, i.e., the pixel without marks in Figure 10f. Without considering
the shallow groundwater observation, on average, GRACE DA improves the ρ value from 0.52 to
0.64 (by ~21%, compared to PCR-GLOBWB) and provides the greatest ρ value among all models
(see Figure 11).

4.4.2. Impact of Climate Variation on Groundwater Variation

This section investigates the impact of climate variation (long-term rainfall variability) on
the groundwater variation. First, the in situ ∆GL data is compared with the precipitation from
TRMM data over MRD (Figure 12). To be consistent with the in situ data, only the grid cells
with available in situ ∆GL data are used to construct the basin-averaged precipitation time series.
The yearly precipitation is computed by accumulating monthly precipitation from January to December.
In addition, the integrated monthly precipitation anomaly (

∫
∆P) is computed to examine how

the long-term variation of ∆GL is correlated with the inter-annual variation of the precipitation.
From Figure 12, it is clearly seen that the long-term ∆GL is driven mainly by the precipitation variability.
For example, the decreased ∆GL between 2003 and 2006 is mainly influenced by the precipitation
deficiency during the millennium drought that affects all Australian basins since 2000 [64,65]. The ∆GL
is stabilized in 2007 when the basin receives a greater amount of 2007 rainfall. The ∆GL declines
again between 2008 and 2009 caused by the smaller amount of precipitation in the following years.
Influenced by the significant recharge from the 2010 to 2011 La Niña rainfall, the ∆GL substantially rises
from ca. –9.5 cm in 2009 to ~14 cm in 2012 (by ~2.5 times). The

∫
∆P also shows a similar increment

signature, by ~2.3 times. After 2012, the precipitation returns to the mean level and no significant
recharge supplies to groundwater store between 2013 and 2014. The amount of groundwater is then
reduced mainly via the groundwater discharge.

For the modeled ∆GWS, CABLE and PCR-GLOBWB agree with the in situ data with
a ρ value ≥ 0.8 (Table 3). WGHM also provides high correlation of ~0.7, but the amplitude is
approximately three times smaller than CABLE and PCR-GLOBWB, and the in situ data. W3 fails
to simulate a long-term ∆GWS variability; the simulated ∆GWS does not reproduce the ∆GWS rise
during the 2010–2011 La Niña periods. The impact of GRACE DA can be summarized in Table 3
showing the basin-averaged ∆GWS time series (Figure 12), which is different from Figures 9–11 where
the value is calculated at each cell. Assimilating GRACE observation adjusts the ∆GWS estimate to
be consistent with the in situ ∆GL data. In particular, the GRACE DA estimate provides the highest
correlation value compared to all model simulations in this basin (see Table 3). A similar benefit of
GRACE DA on the ∆GWS estimate in MRD can also be found in, e.g., [19–21,30].



Remote Sens. 2018, 10, 483 18 of 26Remote Sens. 2018, 10, x FOR PEER REVIEW  18 of 26 

 

 
Figure 12. The ΔGWS estimates (left axis) from four models and GRACE DA in Murray-Darling basin. 
The in situ ΔGL data as well as the yearly rainfall (cm/month/year) and ∆P  (see text for the 
description) are also shown (right axis). 

Table 3. The correlation coefficient (respect to in situ ∆GL data) and long-term trend (cm/year) of the 
ΔGWS estimates from four different models, GRACE DA, TRMM ( ∆ ), and in situ ∆GL in the basins 
with excessive groundwater consumption. The depletion period used to calculate the long-term trend 
is also shown. 

 CABLE WGHM W3 PCR-GLOBWB 
GRACE 

DA 
TRMM 
( ∆ ) 

∆GL 

Correlation        
MUR 0.80 0.68 0.34 0.82 0.84 0.83 1.0 

PB −0.15 0.03 0.07 −0.25 0.45 0.18 1.0 
VIC 0.54 0.44 0.30 0.58 0.69 0.59 1.0 
NCP 0.03 0.88 0.01 0.87 0.91 0.12 1.0 

Trend        
MUR 

(2004–2009) 
−0.35 ± 0.01 −0.01 ± 0.005 −0.01 ± 0.003 9 × 10−4 ± 1 × 10−4 −0.09 ± 0.01 −6.90 ± 0.14 −0.20 ± 0.01 

PB 
(2004–009) 

0.45 ± 0.04 0.05 ± 0.02 0.08 ± 0.03 2.61 ± 0.10 −0.71 ± 0.04 1.61 ± 0.21 −16.03 ± 0.94 

VIC 
(2004 –009) 

−0.66 ± 0.01 −0.21 ± 0.01 −0.05 ± 0.01 −0.02 ± 0.01 −0.25 ± 0.01 −11.05 ± 0.22 −2.29 ± 0.18 

NCP 
(2003–2014) 

0.10 ± 0.02 −3.51 ± 0.04 −0.005 ± 0.003 −1.59 ± 0.01 −1.41 ± 0.01 −0.21 ± 0.09 −37.19 ± 0.62 

4.5. Groundwater Depletion 

This section investigates the performance of the model simulation and GRACE DA in detecting 
the groundwater depletion in Australia and NCP. The study basins are Victoria (VIC), Perth basin 
(PB), and the NCP, where the noticeable groundwater depletion has been reported [11,66,67].  

In VIC (Figure 13a), the groundwater depletion signature is seen from the in situ ∆GL data 
during the millennium drought period from 2003 to 2009. A qualitative agreement between the ∆GL 
and ∆  is also observed (ρ ~ 0.6), indicating that the groundwater depletion of VIC is responding 
to the rainfall decrease by ~11 cm/year prior to 2009 (depletion period). The rainfall decrease is 
influenced by the positive Indian Ocean Dipole events in 2006, 2007, and 2008 [68]. CABLE and PCR-
GLOBWB agree with the in situ data by ρ > 0.5. The negative trend between 2004 and 2009 is observed 
in all models. Note that the direct comparison between ∆GL and ∆GWS requires an application of 
specific yield . In VIC, we adopt = 0.1  reported in [66] and convert ∆GL to ∆GWS by ∆GWS = 	∆GL. With the application of , the WGHM trend estimate shows the best agreement 

Figure 12. The ∆GWS estimates (left axis) from four models and GRACE DA in Murray-Darling
basin. The in situ ∆GL data as well as the yearly rainfall (cm/month/year) and

∫
∆P (see text for the

description) are also shown (right axis).

Table 3. The correlation coefficient (respect to in situ ∆GL data) and long-term trend (cm/year) of the
∆GWS estimates from four different models, GRACE DA, TRMM (

∫
∆P), and in situ ∆GL in the basins

with excessive groundwater consumption. The depletion period used to calculate the long-term trend
is also shown.

CABLE WGHM W3 PCR-GLOBWB GRACE DA TRMM (
∫

∆P) ∆GL

Correlation

MUR 0.80 0.68 0.34 0.82 0.84 0.83 1.0

PB −0.15 0.03 0.07 −0.25 0.45 0.18 1.0

VIC 0.54 0.44 0.30 0.58 0.69 0.59 1.0

NCP 0.03 0.88 0.01 0.87 0.91 0.12 1.0

Trend

MUR
(2004–2009) −0.35 ± 0.01 −0.01 ± 0.005 −0.01 ± 0.003 9 × 10−4 ± 1 × 10−4 −0.09 ± 0.01 −6.90 ± 0.14 −0.20 ± 0.01

PB
(2004–009) 0.45 ± 0.04 0.05 ± 0.02 0.08 ± 0.03 2.61 ± 0.10 −0.71 ± 0.04 1.61 ± 0.21 −16.03 ± 0.94

VIC
(2004 –009) −0.66 ± 0.01 −0.21 ± 0.01 −0.05 ± 0.01 −0.02 ± 0.01 −0.25 ± 0.01 −11.05 ± 0.22 −2.29 ± 0.18

NCP
(2003–2014) 0.10 ± 0.02 −3.51 ± 0.04 −0.005 ± 0.003 −1.59 ± 0.01 −1.41 ± 0.01 −0.21 ± 0.09 −37.19 ± 0.62

4.5. Groundwater Depletion

This section investigates the performance of the model simulation and GRACE DA in detecting
the groundwater depletion in Australia and NCP. The study basins are Victoria (VIC), Perth basin (PB),
and the NCP, where the noticeable groundwater depletion has been reported [11,66,67].

In VIC (Figure 13a), the groundwater depletion signature is seen from the in situ ∆GL data
during the millennium drought period from 2003 to 2009. A qualitative agreement between the ∆GL
and

∫
∆P is also observed (ρ ~0.6), indicating that the groundwater depletion of VIC is responding

to the rainfall decrease by ~11 cm/year prior to 2009 (depletion period). The rainfall decrease is
influenced by the positive Indian Ocean Dipole events in 2006, 2007, and 2008 [68]. CABLE and
PCR-GLOBWB agree with the in situ data by ρ > 0.5. The negative trend between 2004 and 2009
is observed in all models. Note that the direct comparison between ∆GL and ∆GWS requires an
application of specific yield Sy. In VIC, we adopt Sy = 0.1 reported in [66] and convert ∆GL to
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∆GWS by ∆GWSGL = Sy ∆GL. With the application of Sy, the WGHM trend estimate shows the
best agreement with ∆GWSGL (−0.21 vs. −0.23 cm/year) among all four models. CABLE provides an
overestimated (by twice greater) depletion trend while PCR-GLOBWB and W3 nearly fail to capture
the depletion signature.
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Assimilating GRACE into PCR-GLOBWB improves the ∆GWS estimation compared with
∆GWSGL. From Figure 13a, similar to the ∆TWS temporal pattern, GRACE DA lies between the
PCR-GLOBWB result and the in situ ∆GWSGL. GRACE DA works in a way to add water storage to the
basin prior to 2010 when the PCR-GLOBWB underestimates ∆GWS and removes water from the basins
after 2011 when the model overestimates ∆GWS. It leads to a better agreement in terms of the ∆GWS
amplitude. Particularly, GRACE DA improves the ρ value by 19% (compared to PCR-GLOBWB),
and the ρ value is the highest compared to all models and

∫
∆P. In terms of the groundwater depletion

trend estimate, GRACE DA significantly improves the trend value from −0.02 to −0.25 cm/year.
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The benefit of GRACE DA is also seen in PB (Figure 13b). In terms of correlation, only GRACE
DA provides a reasonable correlation (~0.5) while all four models do not agree with the in situ data
(ρ < 0.07). GRACE DA improves the correlation over PCR-GLOBWB (from−0.25 to 0.45). Additionally,
GRACE DA is capable of capturing the signature of groundwater depletion between 2004 and 2009
(ca. −0.7 cm/year) while all models are insensitive to such a variation. All models show increasing
∆GWS when ∆GL shows ca. −16 cm/year during this period. As Sy for SWC is not available in
PB, we do not compare the trend estimates between ∆GWS and ∆GL here. Unlike VIC or MRD,
the variation of ∆GL in PB seems different from the precipitation pattern

∫
∆P (the ρ value between

them is low, ~0.2). Additionally, the
∫

∆P fails to capture the groundwater depletion between 2004
and 2009. The anthropogenic activities in PB (independently from

∫
∆P), e.g., groundwater pumping,

likely perturbs the ∆GWS in wide temporal scales, and the model does not replicate this effect without
a parameter calibration or introducing an accurate groundwater abstraction information into the
calculation of ∆GWS. On the contrary, the GRACE DA is an effective way to examine the ∆GWS
change, particularly affected by the excessive groundwater usage.

The importance of considering the groundwater demand information or GRACE DA in the
estimation of ∆GWS is even more evident in NCP (Figure 13c). Note again that only the deep aquifer
grid cells are considered here (see Section 4.4.1). In NCP, GRACE DA and models that include
groundwater using simulation (PCR-GLOBWB and WGHM) provide a very high correlation value,
~0.9. Modeling ∆GWS without a groundwater abstraction process leads to nearly zero correlation
(see CABLE and W3). Similarly, only PCR-GLOBWB, WGHM, and GRACE DA can capture the
depletion signature between 2003 and 2014, while no noticeable trend is detected from CABLE and
W3. It is clear that PCR-GLOBWB and WGHM perform well in the NCP in terms of correlation and
detection of groundwater depletion. However, the magnitude of ∆GWS of WGHM is twice greater
than that of PCR-GLOBWB, and other models, which leads to a twice-greater trend estimate observed
from WGHM (e.g., compared to PCR-GLOBWB). The comparison between ∆GWS and ∆GWSGL is not
carried out here due to the high uncertainty of Sy [11]. Additionally, it is noticeable in Figure 13c that
∆GL is significantly depleted between 2003 and 2010, then stabilized after 2010 (when the rainfall is
increased). The PCR-GLOBWB and WGHM show the same temporal pattern, but do not stabilize after
2010. Note that PCR-GLOBWB and WGHM employ similar information of the irrigation water use,
which is available only until 2010, and the 2010 water consumption is used after 2010. The trend of
the ∆GWS estimate is reliable as long as the human impact and climate condition remain unchanged.
The region, nevertheless, receives greater groundwater recharge after the drought period, which
generally slows down the groundwater depletion. In addition, farmers might adapt the agriculture
system to groundwater depletion problem. This includes the creation of more surface water reservoirs
and the irrigation water transfer from the southern part of the region [69]. These factors are not
included in the current model development. Without accounting for the correct temporal variation of
the groundwater withdrawal information, the model simulated ∆GWS remains decreasing in time,
which might result in the overestimated groundwater depletion in the NCP, e.g., after 2010.

5. Discussion

The GRACE observation is assimilated into CABLE in order to improve the ∆GWS estimate
in Australia and the NCP. The major challenge is to develop a DA approach that can effectively
disaggregate the GRACE monthly information into the LSM that possesses much higher spatial and
temporal resolutions. A novel DA approach is then developed to fulfill such a task. Not only different
from the EnKF 3D [27] (see Section 3), our developed DA approach can be considered as an extension
of the generic EnKF (e.g., [17,70]), which neglects the spatial and temporal correlation errors in the
Kalman gain computation. The developed EnKS 3D allows the monthly GRACE data and its associated
covariance error information to be directly assimilated into the LSM without any assumption required
(e.g., temporal/spatial resolution, error characteristics). The effectiveness of the developed approach is
clearly observed from the increased accuracy of the estimated ∆GWS (see, e.g., Section 4.4.1). Validating
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against the in situ groundwater data, it is found that the accuracy in terms of correlation improves
by up to ~80% (in Australia, see TIM in Figure 11), and ~21% (in the NCP), respectively. A positive
impact of GRACE DA also agrees with, e.g., [20,21,30], even though different DA approaches and
LSMs were used in the ∆GWS computation. This highly encourages the application of GRACE DA to
be considered as a part of the future LSM development.

The evaluation of the ∆GWS estimates conducted in this study also reveals the strengths and
limitations of the current developed models in different geographical regions. Firstly, CABLE produces
an accurate ∆GWS estimate (as accurate as PCR-GLOBWB) in Australia. Similar to the finding of [54],
the model does not perform well over the area associated with substantial water demand (e.g., VIC, PB,
and the NCP) due to the absence of the groundwater withdrawal component. Introducing the
anthropogenic factor (as in, e.g., PCR-GLOBWB and WGHM) into the model is feasible to resolve
this issue. Including GRACE DA in the model’s development can also be considered according to
a noticeable improvement of the ∆GWS estimate, as also seen in earlier studies [22,54].

WGHM estimates small ∆GWS (e.g., seasonally) in both regions. Although WGHM accounts
for the human water use in the calculation of ∆GWS [56,71], this study found that the long-term
trend is underestimated in Australia and overestimated roughly by a factor of two in the NCP.
The inaccurate ∆GWS is attributed to the ineffective groundwater recharge generation of the model
(see Section 4.3.1). Note that the model is calibrated against river discharge measurements, which are
sparse in the NCP—and due to dry conditions in major parts of Australia. As a result, a regionalized
parameter value (e.g., [72]) is applied, which likely leads to an incorrect water storage estimate.
The overestimated ∆TWS trend in NCP is mainly influenced by the overestimated ∆GWS, which
was also reported in [2] and is due to underestimated groundwater recharge rates and potentially
overestimated groundwater abstraction rates. The reconfiguration of the model, including restoring
the soil infiltration (e.g., add runoff back to the soil storage in case where no groundwater recharge
occurs (see Section 4.3.1)) can lead to a more realistic ∆GWS dynamic in terms of both seasonality
and long-term trend. Assimilation of GRACE data into WGHM also shows a satisfactory outcome
(in, e.g., MRD [30]).

W3 also shows a smaller variation of the ∆GWS estimate in most basins. The long-term trend
is significantly underestimated in both regions, and the correlation value in the NCP is the lowest
among all models. As mentioned in Section 4.3.1, W3 generates the groundwater recharge based on
the soil water drainage controlled by the uncalibrated parameters, and the deep soil water currently
accounts for most of the ∆TWS. The soil and groundwater components are not separated efficiently,
and the variation of ∆GWS is likely presented in the soil layer. This is evidently seen in Australia
where the correlation between the ∆TWS and GRACE observation is very high (see Figure 3) even
though the contribution of ∆GWS is very low (see Figures 5–8). In the ongoing development of W3,
the calibrated parameters will be used in the ∆GWS computation. Importantly, GRACE DA is being
implemented into the model to assist the parameter calibration and enhance the quality of the state
estimate. The initial studies show a significant improvement of the estimate, i.e., they improved the ρ

value by up to >100% in most Australian basins [20,24]).
PCR-GLOBWB performs well in both study regions. The problems detected are the overestimated

∆GWS in the Australian coastal regions, which can likely be attributed to two common factors,
the ineffective calibration of the groundwater drainage parameter (see Section 4.3.2) and the inaccurate
PET input. Unlike a conventional PCR-GLOBWB [73], this study computed PET based on the
information of air temperature input only (see Section 2.2.1) in order to extend the time series.
Such a simple methodology may produce an underestimated ET in Australia, which leads to
an overestimated soil infiltration and groundwater recharge, and, consequently, to water accumulation
in several basins. PCR-GLOBWB recently released a new PET input [32], which can be used to improve
the accuracy of the ET estimate. Additionally, similar to other model developments, the implementation
of GRACE DA into the model can also be considered as an alternative model extension for the improved
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∆GWS estimate. In fact, the GRACE DA implementation and source code development are already
ongoing in independent research (e.g., [27]).

6. Conclusions

This study evaluates the ∆GWS computation from four state-of-the-art land surface models and
GRACE DA in Australia and the North China Plain. For the first time, the GRACE DA is developed to
account for both temporal and spatial errors simultaneously, which reflects a more realistic approach
to assimilate a coarse GRACE spatiotemporal scale observation into a fine-grid LSM. A thorough
validation against the in situ groundwater (level changes) measurements reveals that our developed
GRACE DA successfully improves the ∆GWS estimates in terms of seasonal and long-term variations,
and detects significant anthropogenic groundwater depletion. More importantly, GRACE DA provides
the most accurate ∆GWS among all available state-of-the-art LSM products.

The analysis of this study can be used as a milestone for the future development of LSMs.
Among four LSMs, and PCR-GLOBWB and CABLE provide the best ∆GWS estimates in Australia.
PCR-GLOBWB and WGHM perform reasonably well in the NCP. We find that the unavailable or
inaccurate information of human factors (e.g., irrigation practices using groundwater abstraction in
semi-arid regions) prevents the reliable computation of groundwater changes from LSMs. GRACE
DA shows a tremendous advantage to fill in this missing component in LSMs for computing more
accurate groundwater storages.

The validation of the large-scale ∆GWS estimate with the in situ groundwater observations is
commonly limited by three main factors: unavailable specific yield values, incomplete data records,
and limited spatial coverages. This study faces the same limitation and only presents the evaluation of
the ∆GWS estimates in terms of temporal correlation (due to the availability of specific yield values)
over 8 out of 11 studied river basins (due to the limited spatial coverage). Although not all basins are
assessed, the validation covers >70% of the study area and provides convincing evidence on the overall
quality of the ∆GWS estimate from LSMs and GRACE DA. The evaluation highlights the benefit of
GRACE DA leading to a better ∆GWS estimate than with the other four LSMs. Moreover, the analysis
in NCP underlines the importance of groundwater change at depths. The in situ groundwater record
reflecting deeper aquifers agree better with GRACE observations (and, thus, GRACE DA results).
From this point of view, documenting the bore’s properties is clearly as important as recording the
comprehensive in situ groundwater measurement itself.

From a convincing performance of GRACE DA, the implementation of GRACE DA is presently
considered in the development of several LSMs, e.g., the Catchment Land Surface Model [70]
(http://nasagrace.unl.edu), W3 [20], and PCR-GLOBWB (this study). The LSM DA products will
provide a more accurate picture of the water storage estimate suitable for groundwater monitoring
and hydrological reanalysis purposes.
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